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Abstract

The process of creating potential questions from text or other types of data, like
documents, images, graphs, etc., is commonly referred to as Automatic Ques-
tion Generation (AGQ) or simply Generating Question System. This intriguing
subject has recently sparked a lot of attention in the field of natural language
processing. The primary justification for this is the wide range of industries in
which it can be used, including business, healthcare, and education, where it
can be used for multiple choice and frequently asked questions inquiries. The
majority of studies on question generation has been conducted in languages with
abundant resources, like English. However, languages with fewer resources, like
Bangla, were unable to advance significantly in this area.

In this work, we have considered this and have employed a series of refined
text-to-text transformer (T5) based models.

This encoder and decoder model is a transformer-based BanglaT5 model along
with Google’s transformer based M'T5-Base model. Investigating and Optimizing
the models to achieve a high F-1 score in RougelL and BLEU-1 is the aim.

When the context of the text and the response are given, this unique model

can be used to create inquiries that seem human.
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Chapter 1: INTRODUCTION

This chapter provides an overview of the thesis. Section 1.1 discusses the research
background, while section 1.2 outlines the problem statement that the research
aims to address. Section 1.3 discusses the fundamental objectives of the research.
Section 1.4 outlines the research’s Significance. Lastly, section 1.5 provides an

overview of the remaining chapters of the thesis.

1.1 Research Background

A question serves as a linguistic tool to seek details, and a response often provides
specifics about something. Question generation (QG) involves the generation of
questions based on a given passage or context [5]. Due to its significance in
optimizing question-answering systems by means of additional apps and data
augmentation natural question creation is becoming more and more popular in
both the academic and business sectors.[6] An essential component of the early
adopters’ historical usage of QG for teaching was the creation of close-ended or

gap-fill questions.

1.2 Problem Statement

In being the 6th most frequently used tongue across the whole world, with 230
million native speakers, Bangla is lagging in the community of Natural language
processing because of the scarcity of resources. In recent times, many NLP
works have been done including the Bangla Natural Language Understanding
Benchmark and Bangla Natural Language Generation Benchmark [7] which also
includes Dialog generation, sentiment analysis [8], fake news detection and clas-
sification [9], summarization [7] and question answering [8]. A very negligible
amount of work has been done in the field of question generation. It is known to
all that, for answering a question it is essential to formulate the question prop-
erly. Sometimes, a well-crafted question can lead to a better outcome. In the
field of Al it is an opportunity to create a system to create a question Generation

system for the Bangla Language.



1.3 Objectives

In response to the dearth of research on the creation of Bengali questions, this
study presents cutting-edge multilingual and Bengali models designed to generate
context-aware and answer-aware questions. These models can be easily fine-
tuned for specific domains, including education and industry, to enhance their
applicability.

Previously, there is one Bangla Question generation task has been done and
it was done with rule-based approaches [8]. But in the previous time, there was
just one transformer-based study on the generation of questions as a part of the
IndicNGL benchmark [10].

1.4 Motivation

In the field of question Generation, there had been done a very little work. As
a Bangla Native Speaker, we were lagging behind in the field of NLP.Various
works happened in Question generation, but not in our Bangla language. So, the

motivation for working on this topics are-

« Removing Insufficiency of mothods to develop Questions : With this, it is

possible to enhance existing question-answering system.

o Improving Performance of the existing chatbots : Performance of the cur-

rently existing chatbots can be improved by this work.

o Data Augmentation : Enriched articles and even Text-book can be created
with the help of this.

1.5 Study Significance

A question is a linguistic phrase for looking for information, and a response can
include details. Generating Questions is the process of developing questions based
on a certain passage or context. The generation of natural questions has lately
drawn a lot of interest from academic and business circles because of its essen-
tial function in improving question-answering systems through enhancing data
and achieving additional goals. Early pioneers in QG for educational purposes
primarily focused on creating gap-fill or close-ended questions. However, contem-
porary QG research is advancing rapidly, with its application spanning various
fields including education [11], industrial use cases like chatbots [12], conversa-

tional systems, and the healthcare sector[13]. It also finds relevance in the field of



education contexts like learning a language and getting ready for an exam. QG
has expanded its scope in relation to other languages, involving environments
with diverse codes and cross-lingual users [14], the generation of distractors for
multiple-choice questions in Swedish [15], and transformer-driven question formu-
lation in Turkish [16], and Arabic [17]. Additionally, it has been used to generate

fact-based questions in Finnish [18] and fact-based questions in Chinese.

1.6 Thesis Layout

The remaining thesis is structured as follows. Section 2 provides Various termi-
nologies and overview related to the work and gives a summary of a few exist-
ing works on natural language generation on Bengali and Question Generation
on Non-English Languages. Section 3 discusses the task definition, techniques,
hyperparameters, and architectures of the constituent modules of the proposed
system. Section 4 reports the experimental findings and extensive error analysis
of the models. Section 5 points out the prospects of future development with

concluding remarks.



Chapter 2: LITERATURE REVIEW

This chapter is structured into two main sections. In the first section, section 2.1,
The background studies that has been made are explained. First, in Subsection
2.1.1 word embedding and word2vec. Sequentially, Encoder-Decoder Architecture
in subsection 2.1.2, Attentioin Mechanism in subsection 2.1.3 and finally, the
transformer in subsection 2.1.4. In the second section, related works performed
in the field of Question Generation has been mentioned. 2.2.1 subsection shows
the overview of the Bangla Natural Language Generation and latter subsection,
2.2.2 subsection gives a overview about the Question Generation in non-english

Languages

2.1 Background Study

2.1.1 Word Embedding and Word2Vec

Word embedding is one of the most used methods for representing document
vocabulary. Word embedding, which is a dense vector, can capture a word’s
context within a document or sentence, its semantic and syntactic similarities, as
well as surrounding words, and other variables.

Word2Vec is a program for learning word embedding that makes use of a
neural network model and a large text corpus. Each distinct word is represented
by a dense vector. This vector was carefully selected so that the degree of seman-
tic relatedness between two words is directly indicated by the cosine similarity

between vectors.

P(wy_5 | we) P(Weio | we)

P(we_q | we) P(Weyr | W)

problems  turning banking  crises  as

L T )
T T L J

T
outside context words center word outside context words
in window of size 2 at positiont in window of size 2

Figure 2.1: Association of a word with other surrounding words [1].



Cosine similarity between two word vectors determines the semantic relation-
ship between two words. When the similarity score is 1 (or close) then the two
vectors are similar, when 0 then two vectors are independent when -1 then two
vectors would vary that when the similarity score is -1 then the words are similar

but have opposite meanings, for example, words hot and cold.

2.1.2 Encoder-Decoder Architecture

Deep learning employs neural network design, namely Recurrent Neural Networks
(RNN) and their variations, to address intricate issues. The encoder-decoder ar-
chitecture, which was first introduced in 2014, is a widely used neural machine
translation technique that can often get better results than traditional statisti-
cal machine translation methods. The system comprises three primary compo-
nents: the encoder, responsible for transforming the input-sequence into a one-
dimensional vector which is in fact is the hidden vector, and the output sequence
is produced by the decoder, which transforms the hidden vector. The output
sequence is produced by the decoder, which transforms the hidden vector into
the sequence of a desired sequence. The models are trained together to optimize
the conditional probabilities of the target sequence based on the input sequence.

This architecture has been the core technology behind Google’s translate service.
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Figure 2.2: Encoder-decoder seq-to-seq model [2].

2.1.3 Attention Mechanism

When considering Deep Learning, the notion of attention is of the utmost im-
portance in order to concentrate on criteria while processing data. This method
draws inspiration from the human ability to focus on a certain activity. The
Encoder-Decoder architecture in Deep Learning entails transmitting the ultimate
hidden state of the encoder to the decoder, which might result in information loss
as a result of compressing information into a vector of fixed size. Bi-directional
layers are employed to tackle this problem by handling input sequences in reverse

order, although their efficacy may be diminished for lengthier sequences.



The two main attention methods used in machine learning and natural lan-
guage processing are Bahdanau Attention and Luong Attention. The Bahdanau
Attention mechanism enables the decoder to consider the complete input sequence
while decoding, resulting in improved exploitation of context. Luong Attention
additionally prioritizes matching the decoder with segments of the input sequence,
hence improving the overall effectiveness of the model.

Attention is a crucial factor in network architecture as it is responsible for
overseeing and assessing the interconnection and reliance between different com-
ponents. Deep learning models can enhance their ability to analyze and compre-
hend intricate sequences of data by integrating attention mechanisms like Bah-
danau and Luong Attention. This integration results in enhanced performance

in tasks such as machine translation and natural language processing.

2.1.3.1 Bahdanau Attention

In 2014, Bahdanau et al. proposed attention to fix the information problem that
the early encoder-decoder architecture faced commonly referred to as additive
attention.[19] In the The Bahdanau attention mechanism involves obtaining of
understanding in order to establish match between the input sequence and output
sequence. This procedure requires concentrating on particular segments through-
out each step of output sequence development. Alignment scores are computed
by comparing the concealed states of the decoder and encoder through a feed-
forward neural network. The softmax function is used to normalize the results
and produce attention weights. The weights are subsequently merged with the
hidden states of the encoder to generate a context vector. This context vector is

then joined with the decoder input at each current time step.

2.1.3.2 Luong Attention

Luong et al. proposed the second type of Attention. It is also known as Mul-
tiplicative Attention and was created on top of the Additive Attention mecha-
nism.[20] The following are the two primary distinctions between Luong Attention
and Bahdanau Attention:

o The procedure for calculating the alignment score.

e The decoder location where the Attention mechanism is introduced.

Luong’s paper proposed three different types of alignment scoring functions as
opposed to Bahdanau’s attention method, which only used one type. Bahdanau’s

method computed a variable-length context vector that was then used as input



for the decoder. This context vector was also used to calculate the last decoder
hidden state, hs—1. On the other hand, Luong et al.[20] calculated their context
vector using the current decoder hidden state, hs, and used it to modify the
decoder output before it was fed into the final softmax layer. This approach
allowed for the creation of multiple scoring functions using the same attention

mechanism.

2.1.4 Transformer

Vaswani[21] and Devlin[22] proposed the transformer model, which is a novel type
of model that use self-attention to simultaneously evaluate all input words and
capture the interdependencies among words inside a phrase. Transformers has a
unique structure comprising of 6 layers, each containing 2 sublayers. This archi-
tecture enables them to efficiently capture and represent long-range connections,
surpassing the capabilities of models based on Recurrent Neural Networks (RNN)
and Convolutional Neural Networks (CNN). As a result, Devlin et al. (2018) cre-
ated Bidirectional Encoder Representations [22] from Transformers, which are
now the most advanced models utilized for transfer learning in Natural Language
Processing (NLP).

The Transformer is a sophisticated deep learning model used in Natural Lan-
guage Processing (NLP) to handle sequence-to-sequence tasks by effectively deal-
ing with long-range connections between elements.

Transformers are neural networks that calculate representations of input and
output without the need for convolution or sequence-aligned RNNs.

Contrary to earlier models such as RNNs and LSTMs, Transformers can pro-
cess words simultaneously, resulting in improved speed and efficiency in capturing
the context of language.

Transformers operate by enabling the model to examine additional words
inside the input sentence, so facilitating contextual comprehension. Positional
encodings are utilized to preserve the order of words, while their encoder-decoder
architecture enables them to handle input text and produce output text. Trans-
formers are frequently subjected to pre-training using a vast collection of text
and subsequently adjusted to optimize their performance in specific tasks such as
translation, summarization, or question answering. These models, such as BERT,
GPT, DistilBERT, BART, and T5, have emerged and gained popularity. Fach
model possesses distinct features and can be used to different natural language
processing (NLP) problems.

And in this research we are going to work with Transformer’s T5 model.
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Figure 2.3: High-level overview of the Structure of Transformer [3].

2.2 Related Works

Rus et al’s 2010 publication, "The First Question Generation Shared Task Evalu-
ation Challenge,” presented the first shared challenge for QG: generate questions
from reading comprehension passages using linguistic elements and templates.
Heilman and Smith’s 2010 paper, "Good Question! Statistical Ranking for Ques-
tion Generation,” described a statistical ranking approach for generating ques-
tions from sentences based on features such as question type, word utility, and
language model scores, allowing for the ranking and selection of the best ques-

tions.

2.2.1 Bangla Natural Language Generation

Natural language generation (NLG) is seeing a spike in attention due to the pop-
ularity of transformer models like OpenAI’s GPT-3 [23]. NLG systems produce
natural language text for use in writing, storytelling, screenplays for movies, po-
etry, dialogue, and answering questions in order to accomplish communication
objectives [24]. Well-known AT support tools are Github’s Copilot [25] and Ope-
nAl’'s GPT-3. These systems can alter the persona, tone, topic, and content
of created text by using controlled text generation. However, NLG systems get
more complicated due to issues like hallucinations [26], picking the right eval-
uation criteria [24, 27], and erroneous or nonfactual information. Large-scale
datasets for machine translation and abstractive text summarization [28] have
been made available, but there is still much to learn about the wider use of
transformer models for tasks like text generation, question or conversation cre-

ation, and text conversion. The "question generation” (QG) challenge, which



attempts to automatically produce questions based on a provided background
paragraph, is the main subject of this work. While the IndicNLG benchmark
[29] has investigated Bengali question production among other tasks, the Bangla
NLG benchmark [30] covers tasks like machine translation, question answering,

dialogue generation, and cross-lingual summarization.

2.2.2 Generating Question In Non-English Languages

Numerous researchers have shown interest in the topic of answering question,
especially in languages other than English. To train question-answering systems,
Mayeesha et al. translated SQUAD 2.0 into Bengali, and Bhattacharjee et al.
benchmarked the BanglaBERT model. On the other hand, the problem of ques-
tion generation has not been tackled. Question generation in other languages has
been attempted: factual question generation [18], factoid-based question gen-
eration [31], distractor generation[15], transformer-based question generation in
Turkish [32], and cross-lingual and code-mixed situations[33]. Answer-aware QG
tasks have been implemented in English utilizing many Tb model iterations. To
obtain the most accurate findings for non-English languages, T5 and other mod-
els have been used. Factoid question generation in Finnish has been achieved by
the application of BERT and GPT-2 based models, with the greatest Rouge-L
value of 0.33 [31].



Table 2.1: Related research of question generation in different languages

Research ~ Pur- Dataset Lan- Models Findings
pose guage
TQG & QG [31] SoqaQ- Finnish BERT-BASE, The BERT-HugG dataset has the
DynFi MuRIL, BERT- highest RougeL score of 0.53, sur-
HugG, GPT- passing other BLEU-n metrics
2-QG, GPT-2- and the METEOR score.
HugG
AQG from SweQUAD- Swedish Fine-tuned Quantitative and qualitative in-
Swedish Docu- MC BERT vestigation.
ments [34]
QG and answer- TQuaD Turkish ~ MT5-small, The study discovered that the
ing [32] MT5-base, TQuaD’s fine tuning settings re-
MTb5-large sulted in a score of 49.8 BLEU
and 55.2 ROUGL1-score, whereas
the same dataset also produced
scores of 49.1 BLEU-1 and 54.3
ROUGLI.
Question gener- mARCO Arabic  TextRank Algo- 19.12 BLEU, 23.00 METEOR
ation [35] rithm and 51.99 ROUGL-L
Answer aware ToTTo English - BLEU,ROUGL-1,ROUGL-L and
question  gen- METEOR metric for evaluating
eration from T5 model
Tabular text
36)
AGS of Fre- Document English T5-base-qg-hl, 21.3226 value BLEU, 43.5962
quently  Asked related to T5-small-qg-hl ROUGL-L, 27.08564 METEOR
Questions [37] COVID-19 considering T5 models.
IndiGNLG [29]  SquAD 12 lan- IndieBArT, mT5 performed better in Gener-
guages mT5 ating question.
with
English
QG-Bench [38] SQuAD 8 lan- MT5-small, English showed Rougel. score
vl.1 guages  MTbh-large, 50.67, 52.95 is achieved in
along mBArT Japanese language
with
English
BQA Sqaud.bn  Bengali BanglaT5, finetuned BanglaTh generated 98
MT5-small, percent correct words gramati-
MT5-base, cally and securing BLEU score
mBArT 38.57
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Chapter 3: METHODOLOGY

This chapter is structured to explain the procedure for developing the Question
Generation and how to evaluate it. The steps involves selecting the dataset,pre-
processing the data, development of the model, pre-training and fine-tuning the
model and lastly using the Decoding Algorithms.

The study focuses on the utilization of T5H, a pre-trained English language
model, to produce questions depending on the context and answer conditionally.
The T5 model, utilizing a shared "text-to-text” structure for text-oriented nat-
ural language processing tasks, surpasses existing transformer-based models [39]
in the domain of text production. The T5 model undergoes fine-tuning in the
experiment, and the fine-tuned T5H model is then provided with sample data. The
output prediction is evaluated using both human and automatic evaluation met-
rics. The T5 model underwent initial pretraining for language modeling tasks
using a vast multilingual dataset, which encompassed the Bengali language as
well. The model is trained using context words, which refer to the words that
surround the masked words and are not themselves masked, to predict the masked
words. The T5 model is optimized on a Bengali question-generating dataset that
has been adapted from a question-answering dataset. The study illustrates that
the passage in context and the response are given as the input in answer-aware

question development.

3.1 Selecting data and dataset

There isn’t a dataset available for the Bengali question generation. An exist-
ing question-answering dataset called BQA [40] was altered to handle question-
generating tasks to solve this problem. This study made use of the training
dataset that resulted from translating SQUAD 2.0. [41] The TidyQA secondary
gold passage task served as the source for both the validation and test datasets.
With 132777 samples overall, BQA is comparable to earlier studies in Arabic,
Hindi, and Finnish. Using the BanglaT5 model, the dataset was utilized in the
BanglaNLG benchmark to measure Bengali question answering. This methodol-
ogy bears the resemblance to other research conducted on datasets and languages,
including Arabic[35], Hindi [33], and Finnish[31].

11
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Figure 3.1: Simplified Methodology for Entire QG system

3.2 Preprocessing

Question generation research has been undertaken using two approaches: answer-
agnostic and answer-aware. In the answer-agnostic[42] scenario where the answer
is not considered, input passages are supplied without a provided answer. How-
ever, in this current scenario where the answer is considered, the answer to the
question is already provided. This strategy is more straightforward to assess be-
cause it includes a reference question throughout the finetuning stage. Two ways

are recommended for managing the many-to-one relation: All questions per line
(AQPL) and One question per line (OQPL).

Preprocessing on combined
Dataset of Train + test+ valid

e Filtering on length of the contex
e Removing impossible to answer
question for answer aware setting

Figure 3.2: Dataset Statistics before and after the data-preprocessing

The trials are conducted within the framework of one specific question for

12



each passage. Following the application of a filtering process, a total of 13,549
samples are available for training purposes, whereas 13,538 samples are allocated
for validation. The dataset has been pre-processed to meet the necessary format
for generating questions that are aware of the answers. Only acceptable response
pairs and filtered passages with a maximum context length of 500 characters have
been retained. Unanswered questions are also excluded.

The data sample is provided in its original form, with the "answer:” and
“context:” sections separated. The "target” refers to a question sentence. The
dataset contains a total of 132,777 samples, 20 percent of the data is then added

to the validation set.

Input :

answer: GITeTO! WA AT

context:IfSET ITF 5585 AR > BRI FF GIFIF S0, AisH
M @GR "@IRIFS TG"-Q TSR PEA| OIF fHora 99 @iers!
RS AN QIR NI FIN T @IRIRPHET AR |

Target:
IFoTT IRWEI IRNI T 5 2

Figure 3.3: Sample input state before and after the data processing

3.3 Models

The primary objective of this work is to generate questions using a modified
dataset consisting of MT5-small, MT5-base, and BanglaT5 [40]. MT5 is a ver-
sion of T5, which is a type of text-to-text transfer transformer that supports
multiple languages and it has been trained using a dataset called mC4, which is
derived from Common Crawl and encompasses 101 different languages. T5 is an
English language model that is pre-trained and utilizes a fully packed "text-to-
text” structure to address all-natural language processing based on text (NLP)
problems. Additionally, it treats classification problems and QA difficulties as
text-based tasks, where labels like "positive” or "negative” are assigned to solve
problems of sentence categorization.

IndicBART [43] is a model that is based on mBART and has acquired pro-

ficiency in several Indian languages, encompassing English. It consists of two
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Figure 3.4: Text-To-Text Transfomer architecture [4]

variants, namely unified and Devanagari script. IndicBART utilizes the similar-
ity in writing systems among Indic languages to improve the process of transfer
learning. In general, these models present encouraging options for generating

questions in multilingual environments.
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Figure 3.5: Overview of the Pretaining and finetuning for Bengali question
Generation

In Fig.4.1,The T5 model, which was trained using a corpus of Bengali language
data, is depicted in the upper half of the figure.<M> is indicating the masked
tokenization. The model predicts masked tokens in input texts by employing
Masked Language Modelling (MLM) [39].In MLM, a portion of the context is
masked and the model is trained with contexual group of words and non-masked

words which are the elements of the surrounding of the masking. Using a Ben-
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gali question producing dataset that was transformed from a question answering
dataset, the question generating finetuning stage is depicted in the lower part
of the picture. Through this method, the T5 model for language modeling is

improved. .

3.4 Decoding Algorithms

Decoding algorithms is the process of generating questions, to determine the
subsequent word at each timestep. One of the decoding algorithms, Greedy de-
coding employs a strategy of selecting the word that has the most likelihood at
each timestep, whereas Beam Search [44] methodically analyzes numerous poten-
tial options and ultimately selects the hypothesis having the largest cumulative
likelihood. Top-k [45] and top-p [46] sampling are used in methods based on
sampling, wherein a word is selected among the k most probable words at each
time step. The values for top-k, as well as, top-p are set to 10, 50, and 90, with
a range of 0.9 to 1. To prevent excessively long question generators, the max-
imum length has been limited to 50 tokens.In our research, we have propritize
Beam-Search Algorithm for ensuring the imporved context and answer awareness
since it analyzes the whole text for the context and select the best option from

methodically generated various options.

3.5 Evaluation

BLEU[47], METEORJ[48], ROUGE[49], and other automatic metrics are cate-
gorized under the first category in a recent study [50] on assessment metrics
for natural language generation (NLG) systems. BLEU assesses the quality of
text by computing n-grams between generated sentences and reference candidate
texts. ROUGE, an algorithm focused on recall, offers automated tools for as-
sessing the quality of sentences. METEOR adds a weighted F score to improve

BLEU’s recall and precision calculations.
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Chapter 4: EXPERIMENTS

This chapter is structured to explain the procedure for various experiments that
has been conducted. In section 4.1 explains the Implementation Settings that
used in this research, section 4.2 explains the Evaluation Measures that has been
used here. Section 4.3 explains the results and performance comparison that we

obtained from the experiments.

4.1 Implementation Settings

The notable platforms used in this experiment are:

o Google Collaborators, colloquially referred to as Colab, is a cloud-based
platform developed by Google that allows users to write, execute, and dis-
tribute Python code right within their web browser. The platform pro-
vides a complimentary virtual space for conducting data analysis, machine
learning, and educational activities. It is equipped with high-performance
computer resources such as GPUs. The effortless incorporation of Google

Drive streamlines the process of storing and distributing notebooks.

o GitHub: GitHub provides version control and collaborative tools for soft-
ware development projects that use the Git revision management system.
It offers an intuitive interface for managing repositories, allowing develop-
ers to track changes, collaborate, and manage codebase versions. GitHub
also functions as a social coding platform, promoting collaboration, trans-
parency, and efficient code management in the modern software develop-

ment scene.

o Huggingface: Hugging Face, a leading machine learning startup, offers an
open-source toolset for deploying and distributing pre-trained NLP mod-
els. The library has cutting-edge writing, translation, summarizing, and
question-answering models. Hugging Face’s platform improves teamwork
and NLP. Enterprises can use the company’s commercial services to develop

and implement advanced NLP applications.

o Wandb: WandB simplifies machine learning model training, visualization,
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and management. A central dashboard visualizes measurements and com-
pares tests in real-time. WandB works with PyTorch, TensorFlow, and
Keras, making it straightforward to incorporate. Since it automatically
archives all experiment code, data, and hyperparameters, it prioritizes re-
producibility and cooperation. This improves machine learning develop-

ment efficiency and collaboration.

This experiment is carried out on the Google Collaboratory Platform, which
is GPU-facilitated. Folium (0.9.1) is used for visualizing geospatial data, xI-
sum is used for Multilingual Summarization, Unidic for segmentation, punkt
for tokenizing text into sentences, and normalizer for reducing variation and

inconsistencies in the preparation of the data.

4.2 FEvaluation Measures

4.2.1 BLEU Score

Automatic machine translation text evaluation is done using the metric known
as Bilingual Evaluation Understudy (BLEU) [?]. It is a corpus-level and popular
statistic for assessing the value of text. The BLEU score, which ranges from
0 to 1, evaluates how closely machine-translated material resembles a group of
superior reference texts. A number of 0 denotes that there is no overlap between
the generated output and the reference text, whereas a value 1 denotes perfect
overlap. Yet, even human translation does not get a score of 1.0. These equations

are used to calculate BLEU scores:

N N
1 1
Geometric Average Precision, N = exp ( E N log Pn) = H P (4.1)

n=1 n=1

P, is the clipped precision for each n-gram where n = 1, 2, 3,....N and W, is

the uniform weights.

clipped no of correct predicted words

Clipped Precision, P, = - 4.2
1Pped TTecision no of total predicted words (42)
Brevity Penalty is used to penalize sentences that are too short.
) 1, ite>r
Brevity Penalty = (4.3)

exp (£=£), ifc<r
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Where c is the predicted sentence’s word count and r is the target /reference’s

word count.

BLEU(N) = Brevity penalty x Geometric Average Precision Score(N)  (4.4)

4.2.2 METEOR

The Metric for Evaluation of Translation with Explicit Ordering (METEOR) is
built on the harmonic mean of unigram precision and recall, with recall weighted
more heavily than precision [48]. The BLEU score has a number of flaws, in-
cluding the fact that it ignores word order, does not verify that all terms in the
reference are covered, does not account for semantic similarity, and only looks for
exact word matches.

An alignment between the generated text and the reference can be done by
match- ing word for word, or by using tools for similarity such as word embed-
dings, dic- tionary and so on. METEOR takes into account both the precision

and recall while evaluating a match:

precision, p = mn (4.5)
wc
10
recall, r = m, Frean = DXPXT (4.6)
Wy r+9p

Where m denotes the number of unigrams in the proposed translation, which
is also found in reference. The number of unigrams in the candidate translation
is w.. The number of unigrams in reference translation is w,.

A chunk is a group of words that follow one another. We usually notice that
chunks of words in the source correspond to chunks of words in the target. The
number of chunks in the candidate that map to chunks in the target or reference
determines the chunk penalty:

c\?
chunk penalty, p. = 0.5 x (U_c) (4.7)
Where c is the candidate’s chunk count and u, is the candidate’s unigram

count. The F-score calculated from precision and recall along with the chunk

penalty This final equation makes up the ultimate meteor score:

M = F1mean(1 - P) (48)
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4.3 Results

The study conducted a comparison between pre-trained models that are ei-
ther monolingual or multilingual. The models included in the comparison were
BanglaT5, IndicBART, and mT5, which is a model exclusively trained for In-
dic languages. The IndicBART model underwent training using parameters like
those of MT5-base and BanglaT5. It outperformed sampling-based approaches
in terms of ROUGE-L and BLEU scores.

SAMPLE PREDICTION WITH BEAM SEARCH ALGORITHMS FOR PROPOSED METHOD
Reference Question Predicted Question Answer Context
R IR TFGRT QR
o 5 2 . IS At wpifcetat
i A :}m%o ~ 'ﬁ\z 'g{im FETRNCST TG HHIt8 a3 oM AT
PR ' we ' NI @rore TFef WfFo|
AR ARI-FERIg sl
TN G IS ST A
STY QIR B A
Wﬁwﬁx@;ﬁm DETPIIRIR IRIT jI=r0 SR B ARG PR T GFgoY<f
ﬁqﬁq '0 T . I B ARG IE A B AR Tiftet It fefiaer a1 @
e EI?IT azgof wfta af A | GOIR @IS 5y
) ’ e 1 @ e g9y Tifber Brgis s
o 3? frmet:
& 5T QUEHTETH, RS, Al
:?@’ WE aa; 5:; foraest, st ST @2
) .’F'é . \ﬁ @, ST e, s RORII30es Srefoafer
NP IR Q3R Tz S QUG e et AT Tage
) T || erefeefa G wafEe? a3 FIFRFT gEET M ve b
ST Trofsiow ar
P, TS ProfoSf Jeay
’ a. Cﬂ t§

Figure 4.1: Sample Prediction with Beam Search Algorithm by the proposed
method

Here in this experiment, our goal was to figure out the best possible scenario
where the performance of the Bangla Question Generation System. In this ex-
periment, two decoding algorithms are used. They are : Greedy algorithm and
Beam algorithm. In case of BanglaTh model, Greedy algorithm is performing
better than any other decoding algorithm. But In case of the Mt5-base model,
the Beam Algorithm is performing even better than BanglaTh Beam algorithm in
most of evaluation processes. So, In this current methodology, the model we pro-
posed that the use of the MT5 model along with text normalizer with the Beam
Search decoding Algorithm, which performs better generating Bangla Questions

with better awareness to the context of the text.

4.3.1 Performance Comparison

IndicBART exhibited subpar performance across all measures when compared to

T5 models that underwent fine-tuning. Therefore, it is not advisable to do addi-
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Table 4.1: Evaluation of question generation using finally selected models.

Model with Decoding algorithm  Rougel Rouge2 Rougel. Rougelg,, SacreBLEU Meteor

beam_width = 3 29.56 12.54 17.29 26.345 11.45 0.20.66
BanglaMT5 beam_ width = 5 35.0 16.4103 31.0 31.0 14.1418  0.2192
beam_width =7 37.22 16.98 30.29 30.887 14.20  0.2167
beam_ width = 3 35.88 16.20  36.006 36.236 9.480 0.2351
proposed model beam_ width =5 39.4646 17.6801 37.0202 36.4848 9.5636  0.2358
beam_width =7 39.4646  17.832 36.72 36.167 9.5690 0.2456

tional research for error analysis and human review. According to the QG test, T5
and BART-based models frequently exhibited inferior performance in non-English
languages as compared to English. Compared to the IndicNLG benchmark, the
fine-tuned BanglaTh model achieved a RougeLl. metric score of 37.22 , which is
6.64 points higher. By following our current methodology, MT5 model generated
highest 39.4646 RougeL., which is 8.8846 points higher.
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Chapter 5: CONCLUSION

The work presents a novel Bengali question generation system that utilizes the
encoder-decoder TH model. This system is capable of generating a single interrog-
ative question in an answer-aware style, taking into account the surrounding con-
texts. The Bengali T5 model and its multilingual variations were utilized, refined,
and evaluated based on their relevance and grammatical accuracy in generating
queries. The study examined the causes of low-quality question production and
compared the findings with human evaluations. Nevertheless, the work’s reliance
on specific languages may not be effective in low-resource languages. The study
also recognizes the possible danger of producing poisonous queries as a result
of language models inheriting social biases. Future work intends to expand the
system by incorporating new pre-trained models like as BLOOM and ChatGPT.
It also wants to vary generation styles and enhance the system to enable compre-
hensive evaluation of generated questions using annotated data. The study also
explores the capacity of automatically generated questions to generate a dataset

for Bengali question answering.

5.1 Implications

5.1.1 Theoretical Implication

The study used synthetic datasets in Bengali, akin to the IndicNLG benchmark
[29] and QG-bench [51], to compare multilingual and monolingual T5 and BERT
models. However, the pretraining data (monolingual vs. multilingual), dataset
(synthetic vs. human annotated), and pre-trained model selection all had a sub-
stantial impact on the performance. The findings imply that more investigation
is required to examine the ramifications and domain adaption for Bengali. Like
QG-bench tests, the ThH-based models fared well in human evaluations, receiv-
ing high scores on criteria including grammatical precision, relevance to context

passage, and answer.
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5.1.2 Practical Implication

The study suggests a T5-based QG system for Bengali with the goal of produc-
ing a wide range of pertinent, grammatically sound, and well-written questions.
Both automated and human measures are used to assess the system’s perfor-
mance. Low-resource languages like Bengali suffer from a dearth of NLP studies
and datasets. Bengali Question Answering Systems can benefit from the open-
source QG pipeline’s ability to generate questions from textbooks, create FAQs

for documentation or products, and curate discussion datasets for specific areas.

5.2 Limitations

There are still some limitations to this methodology. Primary limitations are :

e There is no existing dedicated dataset for the Question Generation field in

Bangla. So, fine-tuning is quite hard and accuracy is not always maintained.

o Since there is no dedicated dataset, optimizing is hindered and there is a

chance of happening of hallucination.

o With working with the T5 model, it is not possible to create a hybrid
model with other various models because of the unique architecture of the
T5 model.

o Whether the synonyms of the generated question gives the similar result or

not is not checked in this experiment.

o This trained model can be inflienced by social convension and show result
of toxic kind.[52]

5.3 Future Recommendations

o Improved Pre-training: Increases the quality and diversity of pre-training
data, exposing the model to a broader set of factual knowledge and linguis-

tic patterns.

e Fine-tuning with High-Quality Data: Uses high-quality, curated datasets

tailored to the target task to produce more truthful and relevant results.

o Retrieval-Augmented Generation: Combines the T5 model with a retrieval

component to ensure that generated outputs are factually accurate.
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Fact-checking and Consistency Scoring: Detects and eliminates halluci-

nated outputs that contradict known facts or lack internal consistency.

Advanced Training: The T5 model is trained on adversarially created ex-
amples that contain hallucinations to recognize and avoid producing such

outputs.

Controlled Generation: Techniques like as prompt engineering, context con-
ditioning, and learned attribute control are used to lead the TH model to

produce outputs that meet certain constraints or qualities.

Human-in-the-Loop: Uses human feedback and supervision during the fine-

tuning or generation process to detect and reduce hallucinations.

Ensemble and Reranking: Combines numerous T5 models trained on var-
ious data or methodologies, then reranks the results based on factual con-

sistency and believability.
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